This paper takes a fresh look at the impact of financial development on economic growth by using recently developed generalized kernel methods that allow for heterogeneity in partial effects, nonlinearities, and endogenous regressors. Our results suggest that while the positive impact of financial development on growth has increased over time, it is also highly nonlinear with more developed nations benefiting while low-income countries do not benefit at all. This finding contributes to the ongoing policy debate as to whether low-income nations should scale up financial reforms.
Introduction
Empirical evidence indicating that the development of the financial sector of a country greatly facilitates its economic growth is abundant (e.g., Demirguc-Kunt and Maksimovic, 1998; King and Levine, 1993; Jayarathe and Strahan, 1996; Rajan and Zingales, 1998, Beck, Levine and Loyaza, 2000; Carlin and Meyer, 2003) . The broad consensus emerging from the vast amount of work is that improving the operating financial environment and mitigating the level of financial regulation can result in a significant growth performance (see e.g., Levine 2005 ). However, many countries display underdeveloped financial sectors (Rajan and Zinagles, 2003) .
We add to this literature by addressing several empirical issues that have been levied against growth regressions in general to provide a robust perspective on how financial development affects economic growth. Moreover, while many of are key results can be linked to theoretical models explicating a positive link between the level of financial development and economic growth, we uncover an ambiguous effect for countries with extremely limited financial development, suggesting a threshold type effect similar to that found in Aghion, Howitt and Mayer-Folkers (2005). forthcoming) data is becoming increasingly popular. It has been recogonized that mispecificaiton of functional form can have a detrimental impact on policy perscriptions. We take from both of these strains of the nonparametric literature and extend them. Specifically, this paper is the first to account for endogeneity in growth regressions while in a fully nonparametric framework. More generally, this is only one of a handful of applications of nonparametric instrumental variable estimators in economics.
The methodology that we employ to produce robust conclusions about financial development stem from recent advances in the nonparametric regression literature. Contemporary techniques have shown how to improve estimator efficiency in the face of continuous and discrete regressors.
Individual and joint tests have been developed for significance testing of regressors. Tests of appropriate parametric specification are available as well. Additionally, we are able to handle the presence of irrelevant variables that are mistakenly included in an empirical analysis. Finally, in this paper we consider a newly developed estimator that can handle endogenous regressors via instrumental variable techniques. In addition to being the first paper that we know of to apply this technique, we further augment this estimator by considering estimation with discrete regressors, developing a bootstrap procedure to construct confidence intervals for our esitimates as well as proposing a novel method to pick instruments in a nonparametric framework. This ensemble of modifications enables us to assemble an empirical study that is robust to functional form misspecification, admits heterogenous partial effects across covariates, and provides valid inferential statements.
Employing these state-of-the-art estimators, we find that financial development impacts growth in a highly nonlinear fashion. Our main results are twofold: a) it is shown that, on average, the impact of financial development on growth has increased over time and b) most importantly, however, more developed nations benefited most favorably from financial development while low-income countries did not show any benefits from improvements in their financial sectors.
The results of our study can be compared to several existing studies. In the Rajan and Zingales (1998) context, our results suggest that low-income nations are likely to grow from sources that do not require financial deepening. However, as they make their way to emerging markets, the role of finance becomes ever more important. In the context of Rostow's (1960) stages of development and more recently Galor's (2007) unified growth theory, this paper provides fresh evidence that in the initial stages of development, finance may not be a key determinant of a country's ability to grow but in later stages could play a crucial part. Finally, in the context of the ongoing policy debate regarding the relevance, timing and effect of structural reforms, our findings suggest rethinking whether low-income nations should scale up financial reforms early in the reform process if at all. This result is similar to Acemoglu, Johnson, Querubin and Robinson (2008) who find that reforms in developing countries often fail to provide the desired effect.
The remainder of this paper is organized as follows: Section 2 presents an intuitive description of our nonparametric kernel regression methods. Section 3 briefly discusses the data used for this study while Sections 4 and 5 reports our parametric and nonparametric results, respectively. Conclusions and potential extensions are discussed in Section 6. Technical aspects of the estimation and inference procedures used are contained in the appendix.
Empirical Methodology
Nonparametric kernel regression is becoming an increasingly popular method of estimation in applied economic milieus. The main perceived benefit is that it allows for consistent estimation when the underlying functional form of the regression function and/or errors are unknown. While this is true, there are many other benefits which may prove to be just as useful in our context. In this section we will discuss nonparametric regression, and address the issue of bandwidth selection which can expose irrelevant covariates and detect linearity of others. Finally, we will introduce nonparametric methods which can handle instrumental variables.
Estimation
Arguably the most popular regression model in the growth literature is the linear parametric model y i = α + βx i + u i , i = 1, 2, . . . , n,
where y i is our left-hand-side variable (output growth), x i is a vector of q regressors, α and β are unknown parameters to be estimated and u i is the random disturbance. Estimation of this model requires that all relevant regressors are included in x i and the functional form is correctly specified. However, when either of these two assumptions do not hold, the estimates the model produces will most likely be inconsistent. While non-linear functional forms are possible in a parametric framework, the data generating process still must be assumed a priori.
Kernel methods have the ability to alleviate many of the restrictive assumptions necessary in the parametric framework. Consider the nonparametric regression model
where m (·) is an unknown smooth function and the remaining variables are the same as before.
Here, m (·) is interpreted as the conditional mean of y given x. Note that in the (linear) parametric setting above it is implicitly assumed that E (y i |x i ) = α + βx i . Further note that the linear model is a special case of our nonparametric estimator and thus, if the true data generating process is indeed linear, then the nonparametric estimator will give results consistent with that model.
One popular method for estimation of the unknown function is by local-constant least-squares (LCLS) regression. The LCLS estimator of the unknown function is given as
where 
Bandwidth selection
It is believed that the choice of the continuous kernel function matters little in the estimation of the conditional mean (see Härdle 1990 ) and that selection of the bandwidths is the most salient factor when performing nonparametric estimation. As indicated above, the bandwidth controls the amount by which the data are smoothed. Large bandwidths will lead to large amounts of smoothing, resulting in low variance, but high bias. Small bandwidths, on the other hand, will lead to less smoothing, resulting in high variance, but low bias. This trade-off is well known in applied nonparametric econometrics, and the 'solution' is most often to resort to automated determination procedures to estimate the bandwidths. Although there exist many selection methods, we utilize the popular least-squares cross-validation (LSCV) criteria. This method has been studied extensively and additionally has known desirable properties regarding the smoothing out of irrelevant variables. Specifically, the bandwidths are chosen to minimize
where m −j (x j ) is the commonly used leave-one-out estimator of m(·). Obviously, as the sample size grows and/or the number of regressors increases, computation time increases dramatically.
However, it is highly recommended that a bandwidth selection procedure is used as opposed to a rule-of-thumb selection, especially in the presence of discrete data as no rule-of-thumb selection criteria exists.
As an aside, we note that an even simpler bandwidth selection procedure, the 'ocular' method,
is not appropriate once the number of covariates is larger than two. As the number of regressors exceeds two, visual methods to investigate the fit of the model are cumbersome and uninstructive. With a large dimension for the number of regressors, it is suggested that cross-validation techniques be used as opposed to either ocular or rule-of-thumb methods.
Irrelevant regressors
The bandwidths, by affecting the degree of smoothing, are not just a means to an end; they also provide some indication of how the left-hand-side variable is affected by the regressors. For instance, Hall, Li and Racine (2007) show that with LCLS, when the bandwidth on any regressor reaches its upper bound, the regressor is essentially 'smoothed out'. In other words, the crossvalidation procedure determines the bandwidths which (out-of-sample) predict the left-hand-side variable the best, and thus chooses weights such that irrelevant variables have no impact on the prediction of the left-hand-side variable. obtainable. However, we may also want to deem regressors irrelevant when they are 'close' to their upper bounds. In practice it is preferable to use a formal test. This is the approach we take.
Detecting linearity
In the local-linear least-squares (LLLS) framework discussed in Appendix A, as the bandwidth on a continuous regressor becomes large, the weight given to each observation becomes equal.
In other words, as h → ∞ , the implication is that the regressor enters linearly. The logic is the following: as the bandwidth becomes infinitely large, the local-linear regression fits a linear line using all the points in the neighborhood of x . When all the points are used, then the line is the same for any x in the sample. Hence the estimate is linear.
This emphasizes the importance of obtaining a separate bandwidth for each regressor. If one regressor enters linearly we would expect that the cross-validation procedure should select large values of h for that regressor and relatively small values for regressors that enter nonlinearly.
In practice, Li and Racine (2004) suggest that any bandwidth which is more than two standard deviations of the regressor be deemed a variable that enters linearly.
However, linearity in a particular regressor does not mean that we should necessarily switch to a semiparametric model for the sake of efficiency. In the multi-variable case, it may be that there are important interactions between the 'linear' regressor and the remaining variables in the model, implying that the partial effect of the 'linear' regressor may still vary across x. Moreover, linearity should be more formally assessed, when feasible, using statistical tests. There is no formal statistical test for linearity of a specific regressor, but there are methods to test for specific parametric structure which will be employed later.
Endogenous regressors
Although nonparametric methods have been applauded for various reasons, one criticism of them is that they do not easily handle endogenous regressors in applied settings. We will explain the estimator in more detail in Section 5.4, but the basic idea is similar to two-stage least-squares (2SLS). The first stage requires a nonparametric regression of the endogenous regressor on all the exogenous variables. The second stage is somewhat different in that it requires a nonparametric regression of the y variable on each of the regressors in the model, including the endogenous regressor (not a predictor of it) and the residuals from the first stage. A third stage is then required (marginal integration) so that we can ensure that the mean zero assumption of the error term holds.
As suggested in the conclusion Su and Ullah (2008), we extend their estimator to handle discrete regressors. We do so by employing discrete kernels as outlined Racine and Li (2004) .
In addition, we consider a novel way to choose instruments in a nonparametric framework. We note that our primary analysis will ignore the potential endogeneity of financial development. The reason for this is two-fold. First, as our results in Section 5.4 will show, the qualitative results of our experiment are not dependent on whether or not we control for endogeneity. Second, the instruments we propose require constraints on the data which would leave us with a smaller sample of countries if we focused on the IV results solely. The reduced number of countries comes at the additional price of mostly coming from developing countries and it is often those countries which we have the most interest in studying.
Data
In this section we briefly discuss the data used in our estimation. Our data come from two sources. • DBACBA defined as "Deposit Money Bank Assets / (Deposit Money + Central) Bank
Assets"
• DBAGDP defined as "Deposit Money Bank Assets / GDP"
• P CRDGDP defined as "Private Credit by Deposit Money Banks / GDP"
• BDGDP defined as "Bank Deposits / GDP" where deposit money banks, include financial institutions that have "liabilities in the form of deposits transferable by check or otherwise usable in making payments" (Beck, Demirgui-Kunt, and Levine, 2000, pp. 4), assets refers to total domestic financial intermediation that the respective intermediary performs, and private credit captures the financial intermediation with the private non-financial sector. It is worth noting that the first proxy of financial development, which equals the ratio of deposit money banks assets and the sum of deposit money and central bank assets (DBACBA), has been used most extensively in the literature with the pioneering contributions of King and Levine (1993a,b) .
Merging data on the typical growth variables with data on these four financial development variables obtains an unbalanced 5-year non-overlapping panel dataset. The total number of country-year observations is 676 from 101 countries starting in 1960 and ending in 2000. The entire dataset used in the empirical estimation is available from the authors upon request. sec. VI(ii)). As expected, none of the additional proxies for financial market development are significant at even the 10% level suggesting that ln(DBACBA) is the best suited of our measures to attempt to uncover correlations.
Parametric estimates
It is interesting to point out that the perceived importance of human capital is heavily dependent on model choice. In our pooled cross-section results, we have significant positive values, but when we employ panel methods we lose significance and sign. Previous studies have found similar impacts and have also attempted to explain why/when human capital may be expected to have positive and significant impacts on growth (Benhabib and Spiegel, 1995). We note that our measure of human capital is evolving slowly over time and as such estimation methods which use fixed effects are likely to wipe-out almost all of the expected impact human capital is likely to have in a cross-sectional setting.
Before moving further, we note that the addition of the extra financial market proxies in the pooled setting (Model V) suggest that our main financial measure, ln(DBACBA) is positive and significant. None of the other financial measures are significant. This suggests that the countries we dropped, all developing countries, may have an influence on the results we found in Model II, similar to the findings of Rioja and Valev (2004a) that suggest at low-levels of development, financial market amelioration impedes, or at least does not improve, growth. The addition of these types of countries to increase our sample size for Models I-IV could decide whether or not our results are significant.
Nonparametric estimates
We break up our nonparametric results into various sections to highlight the importance of each benefit. We first discuss the implications of our bandwidth estimates for several specifications involving our financial market proxies. When then discuss a set of baseline estimates from our nonparametric regression model. Next we discuss the partial effects for specific groups of countries as well as how the estimates evolve over time. Finally, we discuss the implications of controlling for endogeneity in our nonparametric model.
Bandwidths
Prior to discussing the partial effects, Table 2 presents both local-constant and local-linear crossvalidated bandwidths for three distinct growth models. Following our discussion of the financial development variables in Section 3 we consider a Solow-type model with no financial variables, a model with only one financial proxy as well as a model that incorporates all of our available financial proxies.
The first column in Table 2 gives the upper bound for the bandwidth for each regressor. We This suggests that both of these variables may be irrelevant in predicting output growth. This may be expected because we often find these variables to be insignificant in standard parametric growth regressions. At the same time, the bandwidth for OECD hits its upper bound. This is also expected as we have additionally included a variable for region.
The bandwidths for Model I which are obtained by LSCV of the LLLS regression are given as the third column of numbers in Table 2 . Recall that for the LLLS regression, when a continuous regressor hits its upper bound, it is considered to enter the regression linearly (holding all else constant). Here we see that the bandwidth for the population growth variable is well beyond two times the standard deviation of the regressor and thus it is very possible that this variable enters in linearly. However, recall that this linearity is not synonymous with constant partial effects. There could be important interactions which would prohibit us from switching to a semiparametric model. Finally, we see similar results for the bandwidths for the categorical regressors. The OECD variable is deemed irrelevant while both the region and time variables are below their upper bounds.
In the single finance variable (Model II) case, the bandwidths reveal three salient points.
First, the results from the LSCV procedure of the LCLS estimator show that the bandwidth for ln(P op.Growth) far exceeds two times its standard deviation. Since the relevance of the variable disappears as the bandwidths approach infinity, this suggests that population growth is irrelevant in predicting output growth. Second, the bandwidth on the OECD variable equals its upper bound of 0.5. This shows that this variable plays no role in the prediction of output growth. Again, this result should not be surprising here because we have a separate variable for region. When region is excluded from the analysis, the OECD variable is deemed relevant.
Third, the remaining bandwidths are much smaller than their respective upper bounds, implying that these variables are relevant in the model.
For the bandwidths selected via LSCV for the LLLS estimator, only population growth has a bandwidth which is larger than two times its standard deviation. This suggests that this variable enters the model linearly. This is somewhat common when the LCLS bandwidths suggest the variables are irrelevant. Further, note that the remaining continuous variables all have bandwidths that are relatively small and thus a simple linear model would not be suggested
here. This includes the financial development proxy. This is in contrast to the result found in In sum, examination of the bandwidths suggest that some variables enter the model nonlinearly and some variables enter the model linearly. While the first assumption made in the majority of empirical analyses, linearity, receives the most attention, heterogeneity may be just as problematic. At this point it is premature to determine which specification is more appropriate, but the model with four financial variables suggests that the additional three of them are irrelevant, whereas in both models II and III, the bandwidths suggest that ln (DBACBA) is relevant. We now turn to the actual results, as well as formal statistical tests. The results for the Solow model are listed first. The partial effects on the initial income variable are negative and significant for the first quartile and median. Perhaps more interesting than the significance is the large amount of variation in the partial effects. Note that the result at the first quartile is nearly six times smaller than the partial effect at the third quartile. Although we note that generally the signs are similar to those of parametric studies and the nonparametric model I, we find that many of our results are insignificant. The insignificant results are alarming at first glance. However, as we will soon witness, the significance of a particular partial effect depends upon the characteristics of the country. Here we point out that there is significant variation in the parameter estimates for a single variable. Figure 1 shows kernel density estimates for the parameter estimates across countries for each variable. For instance, the partial effect at the third quartile for the finance variable is nearly eight times larger than at the first quartile. In addition, we formally test that the finance variable is irrelevant in the estimation of the dependent variable by employing the Lavergne and Vuong (2002) test. 8 We reject the null that the finance variable is irrelevant using either the bandwidths from the LCLS regression (p-value = 0.000) or the LLLS regression (p-value = 0.000). A traditional parametric analysis usually draws to a close at this point. Fortunately, in our case, we have a partial effect for each variable, for each country in each time period. Therefore we can examine further the partial effects across suitably defined groups.
Baseline estimates

Partial effects for particular groups
Even though we found that many of the results were insignificant for the single finance variable model (Model II), we choose to focus on this particular model for several reasons. First, the Lavergne and Vuong (2000) test was unable to reject the null that the finance variable ln (DBACBA) was irrelevant. Second, the same test failed to reject the null that the three additional finance variables were irrelevant in the LCLS case. This was further emphasized by their respective bandwidths in Table 2 . Third, given the curse of dimensionality in nonparametric regression, it is important to try to limit the number of continuous regressors to only those that are relevant in predicting the left-hand-side variable. Finally, when we include the other three variables, we get a substantial reduction in the sample size. Table 4 gives the nonparametric estimates corresponding to the median of the distributions for the estimated LLLS partial effects for every continuous variable in model II across splits on every variable's median in the model. That is, we find the median partial effect of the logarithm of initial income, say, for all countries with population growth above the sample median and then do the same for all countries with population growth below the sample median.
Initial income
The results across different covariates are interesting, but the main purpose of most growth studies is to examine the partial effect estimate on the initial income variable. In most studies, a single partial effect, the partial effect estimate, is obtained for this variable and its sign determines whether or not convergence exists across the sample. Here we obtain a separate partial effect for each country in each time period. Thus, we can examine the partial effects among pre-specified groups.
The results for the first column of numbers correspond to the partial effect of the initial income variable. The partial effects are negative and significant at the median for those observations where the initial income was above the median, the level of investment was above the median and the finance variable was above the median. It is not surprising that when the level of schooling is above the median, the median partial effect on initial income is smaller at the median than when the level of schooling is below the median. However, this partial effect is insignificant. At the same time, when the level of population growth was above the median, the partial effect on the initial income variable was smaller on average than the partial effect on initial income for an observation with population growth below the median. Figure 2 shows the plots of each of these distributions of parameter estimates. In each case we can see that the means of the distributions differ as well as the variances. The differences are confirmed by the Li (1996) test 10 for equality of two unknown distributions. In each case we reject the null that the distributions of the comparisons are equal. Specifically, each test has a p-value which is zero to three decimal places.
The results are also broken down for the initial income partial effect by geographical region in Table 5 . Recall that the results from Table 3 showed that the partial effects were significant only at the first and second quartiles. Thus, it makes sense that some groups may have insignificant results. Here we see that the partial effects are significant at the median solely for OECD and North African/Middle Eastern countries. The other groups of countries have insignificant results for the median partial effect for their particular group.
Conditioning variables
Regardless of the split, Table 4 shows us that the median marginal effect of additional average schooling is insignificant. This is not surprising since our bandwidth estimates from this model suggest that ln(School) is 'smoothed out'. This is not the case when looking at the median marginal effects for either ln(Inv) or ln(P opGrowth). We see that positive and significant impacts related to capital investment appear for countries with above median initial income and years of schooling. Splits based according to median population growth and financial market access reveal no impact at the median for the logarithm of investment.
Focusing our attention on population growth impacts on the growth process we see negative and significant impacts almost across the board. For initial income, investment and population growth, the median effect of population growth has a significant adverse affect on economic growth above and below the median with the above median estimates being smaller for initial income and investment. The opposite impact is found with respect to the population growth split. Countries with above median population growth witness a more than double impact on economic growth for an increase in the rate of increase in the population as opposed to those countries currently below the median level of population growth; a truly Malthusian effect.
For countries with above median levels of financial market access, we see that all three of our conditional variables from the Solow model are insignificant at the median. This is not suggestive, however, that there exist no interactions between the classical Solow conditioning variables and financial market access; the median marginal effect of ln(DBACBA) is positive and significant for above median levels of investment and below median levels of population growth. What these results do imply however is that across a broad range of splits, the median impact of the additional Solow controls have varied insights. This suggests that a one-size-fits all linear regression is inappropriate for modelling the growth process.
Financial development proxy
The results for the breakdown of the financial development variable are in the final column of Table 4 . Here we see that those observations where the initial income is above the median have larger returns to the finance variable on average. The partial effect is significant at the median for the higher initial income group and insignificant for the lower initial income group. This is similar to the result found in Deidda and Fattouh (2002) . The same magnitude differences occur for observations with above median levels of schooling and investment, but the median effect is insignificant for the median breakdown by schooling and marginally significant for the median result from the investment breakdown. The opposite result is true for those with above median population growth rates. There is a significant partial effect on the finance variable at the median for countries which have lower population growth rates. Finally, we looked at the median partial effect on the finance proxy for observations where ln(DBACBA) was above the median. We find this result to be larger than the median result for observations where the financial variable was below the median, but neither are significant. Thus, we are unable to confirm or refute the finding in Rioja and Valev (2004a) that the former is larger.
These variations are visually seen in Figure 3 . The differences are confirmed by the Li (1996) test. Again, each test has a p-value which is zero to three decimal places. The main departure from the previous case is that the (unreported) first quartile for the 'lesser' groups is negative in each case. For all scenarios, the negative partial effects are insignificant. However, what this shows us is that in each of these comparisons, while the partial effects for the 'greater' groups are generally positive and significant at the median, over a quarter of the partial effects are (insignificantly) negative for the 'lesser' groups. In other words, for a large portion of the sample, the impact of financial development does not have a significant impact on output growth. we see a similar pattern in that now OECD countries have a larger effect of the finance variable as opposed to non-OECD countries. Further, the effect is significant for OECD economies at the median, but insignificant for non-OECD economies. This means that developed economies are able to exploit financial markets for economic gain while lesser developed countries are not in a position to exploit their financial markets either because they are in a primitive stage of development or they lack the proper financial infrastructure. The same seems to hold true for each of the other groupings. Each are positive, but insignificant at their median values.
Time variation
In Table 6 we present the median partial effects for each of the continuous variable as in Table   4 , but here the groups correspond to the years under consideration. Most of the Solow variables do not seem to show a very strong trend. However, it is obvious that the median partial effect is increasing with time for the finance variable. The same holds true for the (unreported) upper and lower quartiles. Notice that the partial effect in 1960 is roughly four times smaller (and insignificant) at the median than the partial effect in 2000. This shows that the returns to financial markets have been increasing over time.
These large changes in the impact of financial development over time correspond to a similar impact that economic globalization has had over the same time period. Having access to a well developed financial market has also provided businesses with unabridged access to world markets over time. These connections can dramatically impact the economic outcomes of countries. Thus, while financial development appears to impact economic growth for specific types of countries, it also appears that having the ability to exploit a financial market is paramount. See Galor (2007) for the implications of how a country's position in a particular development stage can dictate which economic variables are relevant for determining growth.
Instrumental variables
Uncovering potential causation instead of solely correlation is deemed important when trying to determine what drives the wealth of nations. 11 In this sub-section we employ the estimator of Su and Ullah (2008), which is described in detail in Appendix F. We note that we also follow the suggestion of Su and Ullah (2008) and extend their estimator such that it can incorporate discrete covariates.
We focus on Model II and allow for the financial development variable, ln (DBACBA), to be endogenous. Here we consider a novel way to obtain instruments in a nonparametric framework. Recall that the bandwidth from the LCLS estimation technique determines whether or not a right-hand-side variable is a relevant predictor of the left-hand-side variable. For example, in Model III (Table 2) , we saw that four variables were smoothed out of the regression:
ln (P op Growth), ln (DBADGP ), ln (P CRDBGDP ) and ln (BDGDP ). We argue that each of these variables do not affect the left-hand-side variable, but are correlated with ln (DBACBA), the variable which we believe is potentially endogenous. Given that we have a single endogenous regressor, our new model will be over-identified (4 > 1).
For our first stage estimation, we consider a regression of ln (DBACBA) on each of the variables which were deemed irrelevant in Model III as well as each of the other remaining right-hand-side variables from that model. The bandwidths for this LCLS regression can be found in Table 7 . Note that the bandwidths on the regressors ln (P op Growth), ln (DBADGP ), ln (P CRDBGDP ) and ln (BDGDP ) are now each smaller than twice their standard error and we argue that each is a relevant instrument for ln (DBACBA).
Given that we believe that we have had a successful first stage regression, we move to the second stage. Unlike standard 2SLS regressions in the parametric framework, the Su and Ullah (2008) estimator does not replace the endogenous regressor with its fitted value from the first stage. Instead, the residual from the first stage is included in the second stage estimation along with the potentially endogenous regressor. Table 7 also gives the bandwidths for the second stage LLLS regression. 12 The bandwidths suggest that the logarithms of initial income and our finance variable both enter nonlinearly. At the same time, we see that the logarithms of schooling, investment and population growth enter linearly.
Finally, a third step is required for the Su and Ullah (2008) estimator in order to obtain marginal effects. Appendix F gives the details, but in simple terms, the third step (marginal integration) is required in order to average out the error term, which we assume has a zero mean.
The resulting marginal effects can be found in the second panel of Table 8 . For a more fair comparison we also ran Model II with the same set of observations and report the summary of the marginal effects in the first panel of Table 8 . It is obvious from first glance at the table that the qualitative results do not change substantially. The main difference is the number of significant results. In contrast from parametric IV estimators which necessarily have larger standard errors than their least-squares counterparts, the standard errors in a nonparametric IV estimation procedure can either be larger or smaller than when estimating without instruments.
It appears that the IV estimator has taken out substantial variation in the estimates. When we look at individual groups, we see that now each group shows significant benefits from increases in physical capital, but still only developed countries benefit from increased financial development.
Conclusion
This paper has shed new light on the impact of financial development on economic growth using measures of financial development. Specifically, it makes two contributions: First, we uncover a highly nonlinear relationship between finance and growth that has been masked primarily due to the linearity assumption imposed by the parametric methodology employed by most existing studies. Using recently developed nonparametric methods, we show that although the relationship is significantly positive and becoming stronger across time for middle-and high-income countries, it is non-existent or playing only a small role in determining growth in low-income countries. This finding is consistent with thinking about development in stages (as in Rostow, 1960 and more recently Galor, 2005) in which financial development starts emerging as a key determinant of growth in later stages of development when market imperfections are less severe and institutions less constraining. Second, our findings are relevant to the policy discussions regarding the type and sequencing of structural reforms in developing countries. Specifically, they would suggest that financial reforms will be most beneficial if they are introduced later in the reforms agenda and at a point where they can benefit other potential sources of growth.
Both of these issues are areas that warrant future research.
These results were determined via contemporary nonparametric regression and inference results. These methods allow a researcher to avoid functional form misspecification, construct heterogenous parameter estimates and can invoke dimension reduction avenues easily. Taken together these methods represent the current apex of conducting a robust nonparametric analysis.
We further add to the literature by exploiting recent advances in nonparametric methods which allow us to use instruments. In addition to conducting nonparametric IV estimation, we present a novel approach to obtaining instruments in a nonparametric framework.
Future extensions of this work involve tracking continuing changes over time as more data (and countries) become available for inclusion. It would also be worth thinking about other types of groups to construct when considering the magnitude/significance of the estimated partial effects on both initial income and financial development. Applying these methods to other growth theories would also add to the discussion of model specification and parameter heterogeneity that has become a popular topic in the growth empirics literature. for detailed description of the sources and construction of these different indicators. 4 A detailed description of the test is given in Appendix C. 5 This test result and all others were computed using 399 bootstrap replications 6 While this possibility is feasible, the conflict with our earlier regression results which suggests that OECD is irrelevant means that this result should be considered suspect. When we obtain differing results between LCLS and LLLS bandwidths for discrete regressors we generally defer to the LLLS bandwidths as LLLS estimation is more reliable in practice. We still need the LCLS regression estimates however, as only LCLS has the ability to detect prediction relevance for continuous regressors. 7 We choose to present the LLLS estimates as this estimator has more desirable properties as compared to the LCLS estimator. See Li and Racine (2006) for more details.
0.124), but reject the null of joint significance with bandwidths from the LLLS regression (pvalue = 0.000). The former result is peculiar because this null was rejected with a single variable.
This lack of power is likely due to the relatively small sample. Our model with all four finance variables is nearly 20% smaller than our model with just ln(DBACBA).
10 A detailed description of the test is given in Appendix E.
11 That being said, Durlauf, Johnson, and Temple (2005) argue that any growth study is likely to be flawed by regressor endogeneity and the instruments used to 'correct' for endogeneity are themselves likely flawed. See Ashley (2009) for methods to determine the impact of using a flawed instrument in an IV setting. 12 We choose LCLS in the first stage to determine relevance of the instruments and LLLS in the second stage in order to obtain more reliable estimates for our primary objects of interest, the marginal effects. Table 3 : LLLS quartile coefficient estimates from the three growth models. Bootstrap standard errors are in parentheses below each estimate. Table 8 : LLLS quartile coefficient estimates from the IV regression (third step) as well as analogous estimates without using instruments. Bootstrap standard errors are in parentheses below each estimate. Variable  Q1  Q2  Q3  Q1  Q2 
Model II IV Estimation
A Generalized kernel regression
The discussion above assumes that all the regressors are continuous. This assumption is not reasonable for most economic data sets. Previously, in the presence of 'mixed' data, kernel users had to resort to semiparametric methods. Often authors would assume that the categorical regressors entered the model linearly for ease of estimation. Fortunately, recent advances in nonparametric estimation allow for estimation of both continuous and discrete (order and unordered) variables.
In a series of papers, Li and Racine (2004) and Racine and Li (2004) show that the unknown function can include both types of data. The nonparametric model in (2) is rewritten as 
where l u (x 
where the bandwidth ranges from zero to unity.
Beyond the benefit of being able to incorporate categorical regressors, Li and Racine (2004) show that the rate of convergence of the conditional mean is only dependent on the number of continuous regressors. This is extremely important given the curse of dimensionality that is one of the criticisms levied against the use of nonparametric methods. In essence, the addition of discrete regressors need not require additional observations to achieve the same level of precision as the inclusion of additional continuous regressors would.
Another popular estimation procedure is local-linear least-squares estimator. This estimation procedure generally estimates the unknown function with more precision than the local-constant estimator. 13 Additionally it estimates the marginal effects simultaneously. Again, consider the nonparametric regression model in (2) . Taking a first-order Taylor expansion of (2) 
is an n × n diagonal matrix where the i th diagonal element
The intuition behind this estimator is that it fits a line through x based on the points 'close' to x. This is repeated for each x and the slope and intercept of the lines do not have to be equal for different x. Each of these lines are connected to produce the estimate of the unknown function.
B Inclusion of irrelevant variables
In standard nonparametric regression, it is assumed that the bandwidth for a particular continuous regressor goes to zero as the sample size tends towards infinity. Here, when the variable is irrelevant, the cross-validated smoothing parameters converge in probability to the upper extremities of their respective ranges. In addition to improving prediction, this attenuates the curse of dimensionality by removing these variables from the analysis.
More formally, consider the estimator in (5), but say we add an additional p > 0 irrelevant regressors for each particular type of variable. The estimator of the conditional mean becomes
The idea is that the cross-validation procedure will recognize that each of these p irrelevant (8) and (9) show that when the bandwidth hits its upper bound, the weights given to observations equal to x 
C Consistent specification testing
To assess the correct estimation strategy, we utilize the Hsiao, Li and Racine (2007) specification test for mixed categorical and continuous data. The null hypothesis is that the parametric model
where u = y − f (x, β). I is non-negative and equals zero if and only if the null is true. The resulting test statistic is
Create y
is called the bootstrap sample. 
Here we discuss the case where all the variables in z are continuous, but w may contain mixed data. Let w have dimension r and z have dimension q − r. The null hypothesis is that the conditional mean of y does not depend on z.
Define u = y − E (y|w). Then E (u|x) = 0 under the null and we can construct a test statistic based on
where f w (w) and f (x) are the pdf's of w and x = (w, z), respectively. A feasible test statistic is given by
E Testing equality of pdfs
To test whether two vectors of data {x i } n 1 i=1 and {z i } n 2 i=1 are drawn from the same distribution we employ the Li (1996) test. The Li (1996) test, which tests the null hypothesis H 0 : f (x) = g(x)
for all x, against the alternative H 1 : f (x) = g(x) for some x, works with either independent or dependent data. The test statistic used to test for the difference between the two unknown distributions (which Fan and Ullah 1999 show goes asymptotically to the standard normal), predicated on the integrated square error metric on a space of density functions, I(f, g) = to approximate the null distribution of the test statistic T 
F Nonparametric instrumental variable estimation
In this appendix we describe the estimator of Su and Ullah (2008) . Consider the regression model with a single endogenous regressor y = g(x, z 1 ) + ε x = h(z) + u where y is the dependent variable, g(·) is the unknown smooth function of interest, x is the endogenous regressor, z = (z 1 , z 2 ) where z 1 and z 2 are d 1 × 1 and d 2 × 2 vectors of instrumental variables respectively, h(·) is an unknown smooth function of the instruments z, and u and ε are disturbances. We assume that E (u|z) = 0, and E (ε|z, u) = E (ε|u).
These assumptions are more general than the strict requirement of z being independent of (u, ε) and allow both u and ε to be heteroscedastic.
In the standard case where g(·) and h(·) are known up to a finite number of parameters, we can simply use two-stage least-squares (or an appropriate nonlinear method). However, in practice, neither of these functions are generally known and misspecification of either function will likely lead to inconsistent estimates. LLLS estimation of g(·) is feasible based on the following that is based on the following insight: E (y|x, z, u) = g(x, z 1 ) + E (ε|x, z, u) = g (x, z 1 ) + E (ε|x − h (z) , z, u) = g (x, z 1 ) + E (ε|z, u) = g (x, z 1 ) + E (ε|u) .
It thus follows by the law of iterative expectations that
m(x, z 1 , u) ≡ E (y|x, z, u) = g(x, z 1 ) + E (ε|u) .
This additive structure provides consistent estimates of g(x, z 1 ) up to an additive constant (E (ε|u)) without further restrictions, following the procedure outlined in Su and Ullah (2008); a further simplification can be achieved if one is further willing to assume that E(ε) = 0, which we describe below. Notice that what this last step is doing is estimating the value of the functionm(x, z 1 , ·) for every value ofû and then averaging. Thus, the estimator consists of two estimations stages and then a final step consisting of counterfactual estimation to average out the error term, since we have assumed that is has mean zero.
For implementation we follow the suggestion of Su and Ullah (2008) and use a localpolynomial least-squares kernel estimator in each of the first two steps. Specifically, we choose the local-linear least-squares estimator for its relative ease of estimation and precision. For more on local-polynomial regression in general, the reader is directed to Fan and Gijbels (1992) . We then take their suggestion to extend the estimator to the case where the data in (x, z) may be a mixture of continuous and discrete variables, thus connecting their estimator to the methodology of Racine and Li (2004) .
